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Abstract: Inthepastdecades, manystudiesonsoilmoistureretrievalfromSARdemonstrated
a poor correlation between the top layer soil moisture content and observed backscatter co-
efﬁcients, which mainly has been attributed to difﬁculties involved in the parameterization
of surface roughness. The present paper describes a theoretical study, performed on synthet-
ical surface proﬁles, which investigates how errors on roughness parameters are introduced
by standard measurement techniques, and how they will propagate through the commonly
used Integral Equation Model (IEM) into a corresponding soil moisture retrieval error for
some of the currently most used SAR conﬁgurations. Key aspects inﬂuencing the error on
the roughness parameterization and consequently on soil moisture retrieval are: the length of
the surface proﬁle, the number of proﬁle measurements, the horizontal and vertical accuracy
of proﬁle measurements and the removal of trends along proﬁles. Moreover, it is found that
soil moisture retrieval with C-band conﬁguration generally is less sensitive to inaccuracies in
roughness parameterization than retrieval with L-band conﬁguration.
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1. Introduction
Surface soil moisture plays a crucial role in various hydrological and agronomical processes: the
top layer moisture content controls the inﬁltration rate during precipitation events and therefore largely
inﬂuences the amount of surface runoff, it drives the crop development, and ﬁnally, affects the evapo-
transpiration rate and thus the micro-climate and -meteorology.
The retrieval of soil moisture content from Synthetic Aperture Radar (SAR) relies on the dependency
of the backscattered radar signal on the surface reﬂection coefﬁcients of the sensed target [1]. These
reﬂection coefﬁcients describe the partitioning of the incoming radar signal into reﬂected and transmit-
ted energy, and are function of the signal incidence angle, the polarizations of both the incoming and
reﬂected signal and the dielectric constant of the surface target. The high discrepancy between the di-
electric constants of respectively dry soil and water allows for assessing the volumetric water content of
a wet soil. Dielectric constant values can be converted to soil moisture using several models [e.g., 2, 3].
Apart from soil moisture, the backscattered radar signal shows to be extremely dependent on the
roughness state of the sensed surface, in most backscatter models described by the surface root mean
square (RMS) height s, the correlation length l and an autocorrelation function (ACF) [4]. The ACF
is mostly chosen to be of exponential or Gaussian type [4], restricting the problem to the derivation of
only s and l. Although the latter roughness parameters are more precisely derived from two-dimensional
surface height measurements, e.g. using terrestrial laser or photogrammetric instruments [5], most radar
remote sensing studies make use of 1-dimensional surface height measurements for the parameterization
of s and l, for which the current standard procedure is as follows:
1. A series of surface height points (roughness proﬁle) is deﬁned along a 1-dimensional surface tran-
sect, mostly sampled by means of meshboard, pin proﬁlometer or laser techniques [6]. Generally,
proﬁles used in practice have a length between 1m and 4m [6–9], and the horizontal spacing
between height points usually lies between 1mm [5] and 2cm [7].
2. From this proﬁle a linear trend is removed to compensate for the possibility that the measurement
device was not aligned perfectly parallel to a horizontal reference surface [8].
3. The RMS height s can then be calculated as the standard deviation of the series of height points
[10], while the correlation length l is deﬁned as the horizontal distance over which the correlation
between surface height points is larger than 1=e [10].
4. As s and l are extremely variable between different measurements within one agricultural ﬁeld,
both roughness parameters are commonly averaged over a number of proﬁles, mostly ranging from
3 to 20 [7–9, 11, 12].
This standard parameterization procedure is not absolute: vertical accuracies and horizontal spacings of
measured surface points differ for various instruments, causing diverging roughness parameterizations
[4, 9]. Moreover, s and l are subject to a scaling problem, as they generally both increase with increasing
proﬁle length [8, 9, 11, 13]. The choice of proﬁle length therefore has a determining inﬂuence on the
parameterization results. Besides, the assumption of a planar reference surface, justifying the removal
of a linear trend from the proﬁle, may only be valid when using short 1-m proﬁles. Longer proﬁles, e.g.Sensors 2009, 9 1069
4m in length, often dispose of topographic undulations along the transect and may therefore require the
removal of a low-frequency roughness spectrum using a higher-order polynomial.
As brieﬂy summarized above, the parameterization of roughness from proﬁle measurements is char-
acterized by several problems. An extensive literature review on these surface roughness problems is
provided by Verhoest et al. [14]. The present paper focuses on the inﬂuence of standard measurement
techniques on the parameterization of roughness and its impact on soil moisture retrieval. The remainder
of this paper is organized as follows: Section 2. elaborates on the applied soil moisture retrieval tech-
nique and its input parameters, Section 3. discusses the sensitivity of this soil moisture retrieval to RMS
height and correlation length, further, in Section 4., the generation of synthetical 1-dimensional rough-
ness proﬁles is explained, and subsequently, a theoretical study on these synthetical proﬁles is performed
in order to assess the inﬂuence of roughness parameterization techniques on soil moisture retrieval. The
sensitivity of soil moisture retrieval to roughness parameters and the inﬂuence of standard roughness
parameterization aspects are merely demonstrated on theoretical data, since working with actual SAR
data would not allow for a quantitative assessment. The commonly used Integral Equation Model (IEM)
[15, 16] is chosen as backscatter model in order to yield similar errors in soil moisture as can be expected
in many practical hydrological applications. Finally, conclusions are formulated in Section 5.
2. Soil moisture retrieval technique
Many empirical, semi-empirical and theoretical models have been developed to retrieve soil moisture
content from the backscattered radar signal. A large number of studies proposed a simple linear empiri-
cal relationship between the backscatter coefﬁcient and soil moisture content. Such relationship is easy
to apply, however, only valid for a single study site, under the condition that surface roughness remains
constant over successive radar acquisitions [e.g., 17, 18]. The mostly used semi-empirical models, de-
veloped by Oh et al. [19] and Dubois et al. [20, 21], are based on a theoretical foundation, however, they
still contain model parameters that are derived from experimental data. Conversely, theoretical models
present an approximate physical description of wave scattering on rough surfaces. Amongst the mostly
used physical approximations are the Small Perturbation Model (SPM) [22], the Kirchhoff Approxima-
tions [23] and the IEM [15, 16]. Despite their theoretical foundation, many of these models cannot be
applied operationally because of their narrow validity ranges for the majority of natural surfaces. The
model with the largest validity range concerning roughness parameters is probably the IEM. Because of
this, the IEM has become the most widely used scattering model for bare soil surfaces [24], which gives
a sound justiﬁcation for use in the present theoretical study.
The single scattering approximation of the IEM calculates backscatter coefﬁcients ¾0
V V and ¾0
HH,
given the dielectric constant ² of a bare soil, the radar frequency f (GHz), the incidence angle µ (±)
and roughness parameters: s (cm), l (cm) and an ACF. Since many authors [e.g., 7, 8, 11, 25] found
that for agricultural soils the ACF is well approximated by an exponential function, this type of ACF
will be adopted in all further simulations. Based on several experiments, the validity condition of the
single scattering approximation of the IEM is often expressed by ks < 3 [e.g., 16], with k the wave
number equal to 2¼=¸ and ¸ the wavelength. In many problems, soil moisture (dielectric constant)
needstobemodelledbasedonobservedbackscattercoefﬁcients, i.e.theIEMshouldbeappliedinversely.
Several inversion algorithms have been developed, including Look-Up Tables (LUT) [e.g., 26], neuralSensors 2009, 9 1070
Table1. Input parameters used for the IEM and the four-component dielectric mixing model.
Model Parameter Value
Integral Equation Model
ENVISAT ASAR conﬁguration Frequency 5.3GHz (C-band)
Polarization HH or VV
Incidence angle 23±
ALOS PALSAR conﬁguration Frequency 1.27GHz (L-band)
Polarization HH or VV
Incidence angle 34.3±
4-Component Dielectric Mixing Model Bulk density 1.2g/cm3
Speciﬁc density 2.65g/cm3
Sand content 15%
Clay content 11.4%
Temperature 15±C
networks [e.g., 27], and the method of least squares [e.g., 28, 29]. Alternatively, the inversion problem
can be solved iteratively [e.g., 30], which is preferred in this theoretical study because of its simplicity.
To translate the dielectric constant into soil moisture, the four-component dielectric mixing model of
Dobson et al. [2] is used. Table 1 lists the input parameters for the IEM and the dielectric mixing model
used in the remainder of this work. As was also applied by Verhoest et al. [31, 32], retrieved moisture
contents above 45vol% are set equal to 45vol%, whereas moisture contents below 2vol% are set to
2vol%, in order to limit the retrieval results to plausible soil moisture contents of real soils.
3. Sensitivity of soil moisture retrieval to RMS height and correlation length
As soil roughness largely inﬂuences the backscattered signal, one can expect that a correct roughness
parameterization is indispensable in order to ensure accurate soil moisture retrieval. To assess the im-
pact of roughness parameterization errors on the soil moisture retrieval, a profound sensitivity analysis
is performed using the following experimental setup: for different values of soil moisture (5, 15, 25 and
35vol%), backscatter coefﬁcients are calculated for s 2 [0:3cm, 2.5cm], l 2 [1cm, 50cm] and prede-
ﬁned radar conﬁgurations, given in Table 1. Figure 1 illustrates the calculated backscatter coefﬁcients for
ENVISAT ASAR VV and ALOS PALSAR HH for 25vol% moisture content. As can be seen from this
ﬁgure, soil roughness may cause a wide range of backscatter coefﬁcients for a soil with a given moisture
content. Based on these calculated backscatter coefﬁcients, the sensitivity of soil moisture retrieval to
s and l, respectively, expressed as the gradient of the retrieval surface along the s and l direction are
numerically approximated as:
@Mv
@s
¼
MvIEM¡1
³
¾0
Mv;s;l;s + ¢s;l
´
¡ MvIEM¡1
³
¾0
Mv;s;l;s ¡ ¢s;l
´
2¢s
; (1)
@Mv
@l
¼
MvIEM¡1
³
¾0
Mv;s;l;s;l + ¢l
´
¡ MvIEM¡1
³
¾0
Mv;s;l;s;l ¡ ¢l
´
2¢l
; (2)Sensors 2009, 9 1071
with ¾0
Mv;s;l the backscatter coefﬁcient calculated with IEM for a given soil moisture content Mv, s and
l, and ¢s and ¢l the discretization steps of 0.01cm and 0.1cm, respectively. Finally, it must be stressed
that a source of error may be introduced in the calculated backscatter coefﬁcients, presented in Figure 1,
due to the use of the single scattering approximation of the IEM. This approximation may cause an
underestimation of backscatter coefﬁcients for very rough surfaces that cause a multiple scattering of
the SAR signal. Moreover, an underestimation of backscatter coefﬁcients may introduce errors in the
presented sensitivity plots in Figures 2 to 5. Therefore, a more cautious interpretation of the sensitivity
ﬁgures for C-band conﬁguration is adviced in case of large RMS heights, particularly in combination
with very small correlation lengths.
Figure 1. Backscatter coefﬁcients calculated for different values of RMS height and corre-
lation length and a moisture content of 25 vol% for (a) an ASAR VV conﬁguration and (b) a
PALSAR HH conﬁguration.
(a) (b)
Figures 2 and 3 show the sensitivity to s and l, respectively, for an ASAR VV conﬁguration for
the different moisture contents considered. As can be seen from these ﬁgures, a small error on the
parameterization of s inﬂuences the soil moisture retrieval much more than a ten times larger error on l,
which implies that the parameterization of s requires a higher accuracy than the parameterization of l.
Fortunately, Baghdadi et al. [33], amongst several others, have shown that generally higher accuracies
are obtained for RMS height parameterization than for correlation length parameterization.
As is revealed from Figure 2, the impact of small RMS height errors on soil moisture retrieval in-
creases with increasing moisture content, as was already demonstrated in several publications [e.g., 34].
Also, gradients in the s direction are generally negative for small RMS heights together with large cor-
relation lengths, whereas positive gradients are found with large RMS heights and small correlation
lengths.
Figure3showsthattheimpactofsmallcorrelationlengtherrorsonsoilmoistureretrievalonlyslightly
depends on soil moisture content. An increase in moisture content only causes a substantial increase
in sensitivity for very small correlation lengths. However, this effect may be neglected as such small
correlation lengths are very unusual for natural surfaces. Conversely to what is found for the sensitivity
to s in Figure 2, positive gradients generally occur with small RMS heights and large correlation lengths,
whereas large RMS heights and small correlation lengths give rise to negative gradients.Sensors 2009, 9 1072
Figure 2. Sensitivity of the soil moisture retrieval to RMS height (vol%/cm) for an ASAR
VV conﬁguration and a moisture content of (a) 5vol%, (b) 15vol%, (c) 25vol%, and (d)
35vol%.
(a) (b)
(c) (d)
Sensitivity plots to s and l for a PALSAR HH conﬁguration, respectively presented in Figures 4 and
5, show similar trends as found for an ASAR VV conﬁguration. However, comparison of Figures 2
and 4 demonstrates that negative gradients in the s direction are more pronounced for a PALSAR HH
conﬁguration than for an ASAR VV conﬁguration, whereas the opposite is true for positive gradients.
Moreover, a comparison between Figures 3 and 5 reveals that the sensitivity to l is less subject to vari-
ations in RMS height for a PALSAR HH conﬁguration than for an ASAR VV conﬁguration. Similar
sensitivity plots as presented in Figures 2 to 5 are obtained for different combinations of polarization, in-
cidence angle and frequency, and generally show an increased sensitivity for HH polarization compared
to VV polarization, and for a higher incidence angle and lower frequency (data not shown).
The sign of the gradients expressed in Figures 2 to 5 allows for assessing whether a given error on the
parameterization of s or l will cause an over- or underestimation of the soil moisture retrieval. If s or l
is underestimated (overestimated), a negative gradient will lead to an overestimation (underestimation)
of the soil moisture content, whereas a positive gradient will result in an opposite error. Besides, the
magnitude of this gradient provides information on the magnitude of the retrieval error. For example,
a gradient of 100vol%/cm means that a 0.01cm error on s causes a 1vol% error on soil moisture.Sensors 2009, 9 1073
Figure 3. Sensitivity of the soil moisture retrieval to correlation length (vol%/cm) for an
ASAR VV conﬁguration and a moisture content of (a) 5vol%, (b) 15vol%, (c) 25vol%, and
(d) 35vol%.
(a) (b)
(c) (d)
However, as the deviation of the parameterized s or l value from its actual value becomes larger, a ﬁrst
order approximation of the error will be insufﬁcient to describe the actual error made. Moreover, the
presented sensitivity ﬁgures do not account for simultaneous errors on s and l.
4. Sensitivity of soil moisture retrieval to roughness parameterization techniques
Based on the results of Section 3., one can deduce that even small errors in roughness parameteriza-
tion, particularly of RMS height, may have a large impact on the soil moisture retrieval. This section
further elaborates on the roughness parameterization errors that are associated with standard proﬁle
measurement techniques and on the inﬂuence of these errors on soil moisture retrieval. To be able to
individually address the errors involved with each standard parameterization aspect, synthetical surface
proﬁles are generated. Subsection 4.1. demonstrates the method used to generate such proﬁles.
The main advantage of synthetical proﬁles is that they can be designed with a predeﬁned RMS height,
correlation length, proﬁle length and spacing between series of height points. Moreover, inaccuracies of
the instrument measuring a proﬁle may be easily simulated by adding white noise to each point of the
series, and topographic height variations along the proﬁle, which in reality may be caused by either anSensors 2009, 9 1074
Figure 4. Sensitivity of the soil moisture retrieval to RMS height (vol%/cm) for a PALSAR
HH conﬁguration and a moisture content of (a) 5vol%, (b) 15vol%, (c) 25vol%, and (d)
35vol%.
(a) (b)
(c) (d)
oblique positioning of the instrument or microrelief, may be introduced by adding a linear or undulating
trend.
On the designed proﬁles, standard parameterization techniques can be applied and evaluated quan-
titatively. In Subsections 4.2. to 4.6., different experiments are set up to demonstrate respectively the
inﬂuences of the following parameterization aspects: the proﬁle length, the number of proﬁles over
which s and l are averaged, the spacing between height points, instrument accuracy and the trend re-
moval technique applied. All experiments are conducted on synthetical proﬁles with (s,l) = (1cm,5cm),
(1cm,40cm), (2cm,5cm) and (2cm,40cm), for soil moisture contents of 5, 15, 25 and 35vol%, and for
ASAR and PALSAR HH and VV polarized conﬁgurations (see Table 1). Only the most relevant results
will be shown.
4.1. Generation of synthetical 1-dimensional surface proﬁles
Inordertoassesstheinﬂuenceofroughnessparameterizationtechniquesonthesoilmoistureretrieval,
a series of synthetical rough surface proﬁles is generated. The synthetical 1-dimensional proﬁles areSensors 2009, 9 1075
Figure 5. Sensitivity of the soil moisture retrieval to correlation length (vol%/cm) for a
PALSAR HH conﬁguration and a moisture content of (a) 5vol%, (b) 15vol%, (c) 25vol%,
and (d) 35vol%.
(a) (b)
(c) (d)
identiﬁed using a ﬁrst order autoregressive model for an exponential ACF:
zt = Á ¢ zt¡1 + at; (3)
with zt the height at coordinate t, at white noise and Á a weight factor which can be found from the
Yule-Walker equations as [35]:
Á = e
¡¢x=l; (4)
with¢xthehorizontalspacingbetweenheightpoints(cm). UsingEquations(3)and(4), asurfaceproﬁle
can be generated with a desired l. In order to obtain the desired RMS height, the series is standardized, by
subtracting the mean and dividing by the standard deviation, and subsequently multiplied by the desired
RMS height.
4.2. Proﬁle length
The dependency of roughness parameters on proﬁle length has already been described in depth [e.g.,
6, 8, 11, 36]: short proﬁles generally result in an underestimation of both s and l, which is more severe
for smooth surfaces than for rough surfaces. According to Oh and Kay [11], proﬁle lengths should atSensors 2009, 9 1076
least be 40 times the correlation length to obtain the RMS height with a §10% precision of the mean
value, whereas the same accuracy for correlation length only becomes feasible for proﬁle lengths of at
least 200 times the correlation length. Although these scaling properties are well known, the impact of
using different proﬁle lengths on the soil moisture retrieval has not been reported yet [14].
Experimental setup
To assess the inﬂuence of proﬁle length on the parameterization of roughness and soil moisture re-
trieval, extremely long proﬁles are generated with a ¢x of 0.1cm and predeﬁned (s,l) parameters. From
such a proﬁle, 500 non-overlapping proﬁles of different lengths, ranging from 1m up to 20m, are sam-
pled, after which the standard roughness parameterization procedure is applied on each of these proﬁles.
As a result, 500 (s,l) couples are derived per proﬁle length.
Backscatter coefﬁcients are then calculated for a soil having a speciﬁc moisture content and roughness
parameters equal to the ones used to generate the extremely long proﬁle. Subsequently, these backscatter
coefﬁcients are inverted with IEM¡1 into soil moisture content, using the roughness parameters from the
sampled proﬁles.
Errors on roughness parameterization
Figure 6 shows the mean and standard deviations of s and l, derived from 500 sampled proﬁles, for
different proﬁle lengths. The sampled proﬁles originate from long proﬁles with (s,l) = (1cm,5cm) and
(s,l) = (1cm,40cm). This ﬁgure shows for both s and l a similar scaling behavior as was already reported
by Oh and Kay [11], Mattia et al. [6] and Callens et al. [8]: an increase in proﬁle length leads to an
increase of the roughness parameters, which is more pronounced for surfaces characterized by a large
correlation length. Similar tests with synthetical proﬁles of (s,l) = (2cm,5cm) and (2cm,40cm) lead to
exactly the same scaling relations as shown in Figure 6 (data not shown), which implies that the scaling
behavior of s and l merely depends on the magnitude of the surface correlation length.
Figure 6. Mean and standard deviations of RMS height and correlation length for differ-
ent proﬁle lengths, sampled from large proﬁles with (a) (s,l) = (1cm,5cm) and (b) (s,l) =
(1cm,40cm).
(a) (b)Sensors 2009, 9 1077
Figure 7. Mean and standard deviations of inverted soil moisture contents for different
proﬁle lengths. Inverted soil moisture contents are derived using roughness parameters from
sampled proﬁles, originating from large proﬁles with (s,l) equal to (a), (b) (2cm,5cm), (c),
(d) (1cm,5cm), (e), (f) (2cm,40cm) and (g), (h) (1cm,40cm), and initial moisture contents
of (a), (c), (e), (g) 5vol% and (b), (d), (f), (h) 25vol%.
(a) (b)
(c) (d)
(e) (f)
(g) (h)Sensors 2009, 9 1078
Errors on soil moisture retrieval
Figure 7 presents the mean and standard deviations of inverted soil moisture contents for different
proﬁle lengths and sensor conﬁgurations. This ﬁgure demonstrates that the inverted soil moisture con-
tent may be largely over- or underestimated when using short proﬁles, particularly for high moisture
contents. Moreover, a different behavior is found depending on the roughness state of the surface: the
parameterization of s and l on a rough soil, e.g. (s,l) = (2cm,5cm), results in overestimated soil mois-
ture contents, whereas opposite errors may be found on smooth surfaces, e.g. characterized by (s,l) =
(1cm,40cm). Overestimations are generally more severe for a PALSAR conﬁguration and HH polariza-
tion, whereas underestimations are more pronounced for an ASAR conﬁguration and VV polarization.
Finally, for the roughness parameter sets used in the example demonstrated, average retrieval errors for
4-m proﬁles, which are still feasible to perform in the ﬁeld [8], are at most about 5vol%. However,
for soil moisture retrievals based on one roughness parameter set, extremely large errors are found, as
illustrated by the standard deviations shown in Figure 7.
A rough estimate of the soil moisture retrieval error for a surface with given moisture content, rough-
ness state and a certain sensor conﬁguration may also be deduced from Figures 2 to 5. As an example,
Figure 6 shows that a 4-m proﬁle, used on a surface with (s,l) = (1cm,40cm), on average results in (s,l)
= (0.8cm,20cm). From Figures 2 and 3, it can be seen that, for a moisture content of 25vol% and an
ASAR VV conﬁguration, gradients in the s and l direction are respectively -50vol%and 0.7vol%. Based
on these gradients and the errors on s and l, a retrieval error of -4vol% is found, which approximately
resembles the error demonstrated in Figure 7 (h) at 4-m proﬁle length.
In this experimental setup, it was assumed that an optimal parameterization of roughness requires an
extremely large proﬁle, resulting in precise asymptotic roughness parameters (see Figure 6). However,
if a shorter initial proﬁle would have been used for sampling, the scaling behavior of s and l would have
been similar, however, resulting in different soil moisture contents. Unfortunately, it is currently not yet
known on which spatial scale roughness parameters need to be deﬁned in order to be most appropriate for
describing scattering on rough surfaces. The above example may therefore only be seen as an illustration
of the errors that can be expected when using different proﬁle lengths for the same problem.
4.3. Number of proﬁle measurements
According to Bryant et al. [9], the surface RMS height needs to be averaged over at least twenty 3-m
proﬁles in order to be representative. Using 2-m proﬁles with correlation lengths between 2 and 20cm,
Baghdadi et al. [12] demonstrated that by averaging roughness values over 10 proﬁles, the RMS height
can be derived with a precision better than §5%, whereas the precision for correlation length ranges
from §5% to §15%. According to Davidson et al. [7], Callens et al. [8] and Oh and Kay [11], this
variability decreases with increasing proﬁle length. In this section, a theoretical experiment is set up to
assess the minimum number of proﬁles that is needed to obtain roughness parameters with a precision
of §10% of their mean value, and subsequently, to investigate the effect of using averaged roughness
parameters for soil moisture retrieval.Sensors 2009, 9 1079
Figure 8. Number of proﬁles required to obtain a standard deviation of RMS height or
correlation length less than 10% of the mean for different proﬁle lengths. Sampled proﬁles
originate from large proﬁles with (s,l) equal to (a) (1cm,5cm) and (b) (1cm,40cm).
(a) (b)
Experimental setup
A ﬁeld experiment is simulated in which roughness parameters are determined by averaging n proﬁles
of a certain length (n ranging from 1 to 20). In order to assess the variability of the determined average
roughness parameters, the same procedure is repeated 1000 times, i.e. if n = 4, in total 4000 proﬁles of a
certain length are sampled from an extremely large synthetical roughness proﬁle. Based on the obtained
series consisting of 1000 averaged roughness parameters for different numbers of proﬁles n, one can ﬁnd
the number n for which the standard deviation of s or l is less than 10% of the mean. The experiment is
performed for sampled proﬁles with lengths ranging from 1m up to 20m.
Next, backscatter coefﬁcients are calculated for given moisture contents, sensor conﬁgurations and
the roughness parameters used to generate the extremely large proﬁles, and are subsequently inverted
with IEM¡1 into soil moisture content, using the series of averaged roughness parameters from sampled
proﬁles. Only 4-m proﬁles are considered in this part of the experiment, as these are frequently used in
practice.
Errors on roughness parameterization
Figure 8 shows the number of proﬁles that is required to obtain a standard deviation on RMS height
or correlation length less than 10% of the mean, for different sampled proﬁle lengths from large proﬁles
with (s,l) = (1cm,5cm) and (s,l) = (1cm,40cm). As can be seen in this ﬁgure, the required number of
proﬁles decreases with increasing proﬁle length. Moreover, as surfaces with a larger correlation length
show more variability in roughness parameterization (see Figure 6), the required number of proﬁles
consequently increases with an increase of l. Similar tests on surfaces with (s,l) = (2cm,5cm) and (s,l)
= (2cm,40cm) reveal that this number is not inﬂuenced by s, as the same plots as those presented in
Figure 8 are obtained (data not shown).Sensors 2009, 9 1080
Figure 9. Mean and standard deviations of inverted soil moisture contents for different num-
bers of proﬁles used. Inverted soil moisture contents are derived using roughness parameter
series from sampled 4-m proﬁles, originating from large proﬁles with (s,l) equal to (a), (b)
(1cm,5cm) and (c), (d) (1cm,40cm), and for (a), (c) ASAR VV and (b), (d) PALSAR HH.
Considered initial moisture contents are 5vol% (crosses), 15vol% (circles), 25vol% (stars)
and 35vol% (squares).
(a) (b)
(c) (d)
Errors on soil moisture retrieval
Analysis of the soil moisture retrieval error for sampled 4-m proﬁles from surfaces with (s,l) =
(1cm,5cm) and (s,l) = (1cm,40cm) and ASAR VV and PALSAR HH conﬁgurations (see Table 1),
as illustrated in Figure 9, reveals that an increase in the number of proﬁles used to average roughness
parameters only causes a moderate decrease of the standard deviation of inverted soil moisture contents.
Conversely, the sensor conﬁguration, soil moisture content and surface roughness state have a much
higher impact on this standard deviation. In general, larger standard deviations are obtained for higher
moisture contents, PALSAR HH conﬁguration and surfaces with larger correlation length.
As can be seen in Figure 9, the mean inverted moisture content can be strongly biased, particularly
for high moisture contents and roughness parameters (s,l) = (1cm,40cm), which is due to the scaling
problem of roughness as discussed in Section 4.2. Similar tests for an ASAR HH and a PALSAR VV
conﬁguration show intermediate results compared to ASAR VV and PALSAR HH conﬁgurations (dataSensors 2009, 9 1081
not shown).
4.4. Spacing between height points
The horizontal spacing between discrete height observations along the proﬁle is mostly deﬁned by
the instrument used. For laser devices, this spacing commonly ranges between 1mm [5] and 5mm [7],
whereas for pin proﬁlometers, horizontal distances between adjacent height measurements ranging from
2mm [5] up to 2cm [37] have been reported. According to Ulaby et al. [38], a spacing of 1/10 of the
wavelengthoftheSARsignalisrecommended. However, accordingtoOgilvy[4], thehorizontalspacing
should not exceed 0.1 times the correlation length for accurate parameterization of roughness. Larger
spacings cause a change in slope of the ACF around zero, as the high-frequency component (height
deviations over very small horizontal distances) is lost. Therefore, larger spacings may cause the ACF
to resemble a Gaussian function, whereas in reality the function has an exponential shape. Such false
interpretation may lead to large retrieval errors.
Experimental setup
To assess the impact of the horizontal spacing on the roughness parameterization and soil moisture
retrieval, an experimentis set up in which ten 4-m proﬁles with given set of (s,l) parameters are generated
with a spacing of 1mm. These proﬁles are then resampled to spacings of 2, 5, 10 and 15mm, after which
RMS heights and correlation lengths are calculated.
Subsequently, these roughness parameters are used for soil moisture retrieval from backscatter coefﬁ-
cients, obtained for given soil moisture contents and the roughness parameters deﬁned at 1-mm spacing.
Finally, the effect of a misinterpretation of the ACF on the soil moisture retrieval is investigated using
the calculated roughness data from resampled proﬁles with 15-mm spacing.
Errors on roughness parameterization
Mean and standard deviations of roughness parameters calculated from ten resampled proﬁles are
shown in Table 2. In general, it can be found that an increase in horizontal spacing causes a decrease in
RMS height and an increase in correlation length, which are more pronounced for surfaces with small
correlation lengths.
Errors on soil moisture retrieval
Mean and standard deviations of inverted soil moisture contents for different horizontal spacings and
sensor conﬁgurations (Table 1) and a surface with (s,l) = (1cm,5cm) are shown in Figure 10. This ﬁgure
illustrates that larger spacings give rise to larger retrieval errors, being more pronounced for higher mois-
ture contents. Smaller retrieval errors are found for a smooth surface with (s,l) = (1cm,40cm), whereas
larger errors are obtained for a rough surface with (s,l) = (2cm,5cm) (data not shown). Finally, errors
involved with a PALSAR conﬁguration are generally larger than errors obtained for an ASAR conﬁgu-
ration. The latter results may also be derived using the data presented in Table 2 and the sensitivity plots
shown in Figures 2 to 5. The effect of the horizontal spacing on the ACF is demonstrated in Figure 11 forSensors 2009, 9 1082
Table 2. Average values of s and l obtained for different horizontal spacings. Standard
deviations are added between brackets.
Sample spacing
‘Truth’ (1mm) 2mm 5mm 10mm 15mm
s (cm) 1 0.99 (0.00) 0.98 (0.00) 0.97 (0.01) 0.96 (0.02)
l (cm) 5 5.02 (0.04) 5.15 (0.11) 5.34 (0.22) 5.47 (0.40)
s (cm) 1 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.99 (0.00)
l (cm) 40 40.02 (0.04) 40.07 (0.21) 40.20 (0.41) 40.23 (0.37)
s (cm) 2 1.99 (0.01) 1.97 (0.01) 1.93 (0.02) 1.91 (0.01)
l (cm) 5 5.07 (0.05) 5.17 (0.08) 5.43 (0.19) 5.76 (0.52)
s (cm) 2 2.00 (0.00) 2.00 (0.00) 2.00 (0.01) 1.99 (0.01)
l (cm) 40 40.03 (0.05) 40.16 (0.28) 40.30 (0.45) 40.26 (0.58)
Figure 10. Mean and standard deviations of inverted soil moisture contents for different
horizontal spacings used in the parameterization of roughness from 4-m proﬁles with (s,l) =
(1cm,5cm). Considered spacings are (a) 2mm, (b) 5mm, (c) 10mm and (d) 15mm.
(a) (b)
(c) (d)Sensors 2009, 9 1083
proﬁles with a spacing of 1mm and 15mm. It is clear that a steeper slope at the origin is encountered for
the proﬁle with 1-mm spacing than for the proﬁle with 15-mm spacing, illustrating the loss of the high-
frequency roughness component with an increase in distance between measurement points. If the ACF is
therefore assumed to be Gaussian, whereas in reality the proﬁle is characterized by an exponential ACF,
extreme retrieval errors covering the entire range of soil moisture content may be found, as illustrated by
the boxplots in Figure 12. As is revealed from these boxplots, soil moisture retrieval using a Gaussian
ACF leads to severe underestimations in case of a rough surface, and conversely, severe overestimations
in case of a smooth surface. Finally, standard deviations of the retrieved soil moisture contents are much
larger for rough surfaces than for smooth surfaces, as for rough surfaces the retrieval results are more
diverging for the different sensor conﬁgurations considered.
Figure 11. Autocorrelation functions derived for the same roughness proﬁle with (s,l) =
(1cm,5cm), sampled with a spacing of respectively 1mm and 15mm.
4.5. Instrument accuracy
The accuracy of instruments that measure discrete surface height points varies from less than 1mm
for non-contact techniques, such as laser proﬁlometers, up to 2.5mm for instruments that require a
destructive contact with the surface, e.g. meshboards and pin proﬁlometers [5]. In case a meshboard
is used, the accuracy may additionally decay because of the digitization process needed to outline the
surface [14]. D’Haese et al. [39] digitized the same proﬁle ten times and found a coefﬁcient of variation
of 1.7% on RMS height and 6.5% on correlation length, with an average (s,l) = (0.96cm,10.2cm). The
same proﬁle, digitized by 12 different people, leads to a coefﬁcient of variation of 4.52% and 4.51% for
respectively RMS height and correlation length. In case a pin proﬁlometer is used, the digitization can
be processed electronically and its inﬂuence on RMS height becomes negligible [40].
Experimental setup
To assess the effect of the instrument accuracy on the roughness parameterization and consequently
soil moisture retrieval, the following experiment is carried out: a noisy signal, uniformly distributed
in [¡a,a], with a the accuracy assumed (1mm, 2mm or 5mm), is added to ten 4-m wide synthetical
roughness proﬁles with a predeﬁned s and l, after which the roughness parameters are determined.Sensors 2009, 9 1084
Figure 12. Boxplots of inverted soil moisture contents, calculated using roughness param-
eters from resampled proﬁles with 15-mm spacing, and exponential (E) and Gaussian (G)
autocorrelation functions, for initial moisture contents of 5, 15, 25 and 35vol%, and all de-
ﬁned sensor conﬁgurations, for proﬁles with (s,l) equal to (a) (2cm,5cm), (b) (1cm,5cm),
(c) (2cm,40cm) and (d) (1cm,40cm).
(a) (b)
(c) (d)
The calculated roughness parameters may then be used for inversion of backscatter coefﬁcients ob-
tainedwithgivenmoisturecontentsandthepredeﬁnedroughnessparametersfromproﬁleswithoutadded
noise signal.
Errors on roughness parameterization
The Root Mean Square Errors (RMSE) between roughness parameters calculated on the noisy proﬁles
and predeﬁned roughness parameters are presented in Table 3. As is revealed from this table, errors are
marginal for inaccuracies up to 2mm, typically involved with laser and pin proﬁlometer measurements.
Conversely, large inaccuracies up to 5mm, which are possible in case of using meshboards and manual
digitization, may result in an RMSE up to about 0.04cm and 3.00cm, respectively for s and l, as found
for a smooth surface with (s,l) = (1cm,40cm).Sensors 2009, 9 1085
Table 3. RMSE values of s and l for different values of instrument accuracy.
RMSE on s or l due to
Correct 1mm noise 2mm noise 5mm noise
(s,l) s (cm) l (cm) s (cm) l (cm) s (cm) l (cm)
(1cm,5cm) 0.0019 0.0316 0.0074 0.0775 0.0443 0.3782
(1cm,40cm) 0.0017 0.1673 0.0068 0.4764 0.0421 2.9972
(2cm,5cm) 0.0015 0.0447 0.0043 0.0316 0.0215 0.1265
(2cm,40cm) 0.0009 0.0707 0.0035 0.1871 0.0219 0.9301
Errors on soil moisture retrieval
Soil moisture retrieval errors due to an inaccurate roughness parameterization are presented in Table 4
for a PALSAR HH conﬁguration (ASAR and VV conﬁgurations both lead to smaller errors). In general,
retrieval errors are less than 2vol% for instruments with a noise level smaller than 2mm. Moreover, the
retrieval error increases with an increase in moisture content and is dependent on the surface roughness,
with the largest errors for the surface of (s,l) = (1cm,40cm). Instruments with a noise level of 5mm
may result in errors ranging from §0.5vol% for dry and rough ﬁelds up to §8vol% for wet and smooth
ﬁelds. Given these results, a cautious use of low resolution instruments is advised, since their roughness
parameterization may introduce large retrieval errors.
Table 4. RMSE values of the retrieved soil moisture contents due to roughness parameteri-
zation errors, introduced by instrument noise.
(s,l) of Soil moisture RMSE (vol%) of retrieved soil moisture due to
original proﬁle content (vol%) 1mm noise 2mm noise 5mm noise
(1cm,5cm) 5 0.04 0.11 0.54
(1cm,5cm) 15 0.11 0.30 1.39
(1cm,5cm) 25 0.21 0.57 2.61
(1cm,5cm) 35 0.34 0.92 4.15
(1cm,40cm) 35 0.39 2.08 8.31
(2cm,5cm) 35 0.24 0.26 0.51
(2cm,40cm) 35 0.23 0.46 2.76
4.6. Trend removal
The standard procedure for roughness parameterization includes the removal of a linear trend from a
proﬁle to compensate for the fact that the proﬁle transect may be slightly tilted with respect to a hori-
zontal reference surface. However, in case a ﬁeld shows a slightly undulating surface, corresponding to
roughness at very low frequency, it is currently not known whether or not such low-frequency component
should be removed from the proﬁle in order to precisely measure the roughness spectrum as it is sensedSensors 2009, 9 1086
Figure 13. (a) Original simulated 4-m roughness proﬁle with (s,l) = (1cm,5cm) and a
horizontal spacing of 1mm, added to (b) a linear trend with slope of 0.025m/m, and (c) a
cosine trend with a wavelength of 5m and an amplitude of 5cm
(a)
(b)
(c)
by a radar signal, particularly for high-frequency radar (e.g. at C-band). As argued by Ulaby et al. [10],
onlythehigh-frequencycomponentshouldbemaintainedfortheparameterizationofroughness, whereas
a low-frequency roughness component should be included directly in the backscatter model. According
to Callens et al. [8], the use of long proﬁles from 4m onwards on slightly undulating ﬁelds requires the
removal of a second- or third-order polynomial. Alternatively, Bryant et al. [9] introduced piecewise 1-m
linear trend removal over longer proﬁles. The present section is not aiming at investigating which type
of trend should be removed from long surface proﬁles in order to characterize the roughness spectrum
as encountered by the radar signal, but rather, it intends to assess the inﬂuence of using different trend
removal techniques on the parameterization of roughness and the soil moisture retrieval.
Experimental setup
To assess the impact of commonly used detrending techniques on roughness parameterization and
soil moisture retrieval, ten 4-m proﬁles are generated with predeﬁned (s,l). Furthermore, two trend
surfaces are generated: (1) a planar surface with a slope of 0.025m/m, and (2) a slightly undulating
surface simulated by a cosine function with wavelength of 5m and amplitude of 5cm, which in reality
will not be seen as a major deviation from a planar surface. Next, these trend surfaces are added to theSensors 2009, 9 1087
Table 5. Average values of s and l, calculated after detrending of 4-m proﬁles. Standard
deviations are added between brackets.
Correct roughness values
s l s l s l s l
(cm) (cm) (cm) (cm) (cm) (cm) (cm) (cm)
1 5 1 40 2 5 2 40
Detrending type Linear trended surface
Linear 4-m 0.99 4.93 0.91 30.09 1.97 4.76 1.80 31.57
(0.01) (0.13) (0.07) (7.48) (0.03) (0.25) (0.18) (6.00)
Piecewise 1-m 0.92 3.80 0.51 8.31 1.85 3.77 0.98 7.45
(0.03) (0.45) (0.04) (1.34) (0.06) (0.40) (0.12) (1.12)
Second-order 0.98 4.67 0.81 24.22 1.94 4.51 1.57 22.00
(0.02) (0.29) (0.10) (7.40) (0.04) (0.26) (0.19) (7.58)
Third-order 0.96 4.36 0.64 15.02 1.93 4.37 1.41 17.84
(0.02) (0.30) (0.05) (3.96) (0.03) (0.26) (0.16) (6.18)
Cosine trended surface
Linear 4-m 2.64 50.07 2.78 54.30 3.07 28.13 3.01 44.81
(0.13) (2.25) (0.42) (4.68) (0.26) (8.31) (0.74) (7.06)
Piecewise 1-m 0.95 4.13 0.58 9.40 1.85 3.79 1.00 7.79
(0.04) (0.49) (0.06) (1.47) (0.05) (0.36) (0.10) (1.47)
Second-order 1.32 13.48 1.10 25.47 2.17 7.19 1.88 28.38
(0.13) (6.67) (0.35) (8.16) (0.13) (2.03) (0.27) (8.27)
Third-order 1.04 5.33 0.79 18.16 1.95 4.53 1.47 18.81
(0.04) (0.53) (0.12) (4.72) (0.05) (0.30) (0.12) (5.13)
ten 4-m proﬁles. Figure 13 shows examples of an original 4-m proﬁle, a linear trended proﬁle and a
cosine trended proﬁle. Subsequently, trends are removed by subtracting a 4-m linear function, piecewise
1-m linear functions, and second- and third-order polynomials, after which the roughness parameters are
calculated.
The derived roughness parameter sets are then used to invert backscatter coefﬁcients obtained for the
predeﬁned (s,l) parameters from the original 4-m proﬁles and predeﬁned soil moisture contents.
Errors on roughness parameterization
Table 5 shows the mean and standard deviations (between brackets) of the calculated roughness pa-
rameters after detrending of ten linear and cosine trended proﬁles using the techniques considered. Anal-
ysis of this table reveals that even 4-m linear detrending of linear trended proﬁles may lead to large errors
in the parameterization of s and l, with both parameters being underestimated. Note that the linear de-
trended proﬁle may differ from the initial non-trended proﬁle. This can be explained by the fact that
the initially generated 4-m proﬁle may show a non-ﬂat ﬁrst order regression, caused by the autocorre-Sensors 2009, 9 1088
lated nature and randomness of the proﬁle generation process. Higher-order polynomials clearly delete
some roughness on linear proﬁles, resulting in lower s values, however, the largest errors are found with
piecewise linear detrending over 1-m subproﬁles. On cosine trended proﬁles, most precise roughness
parameters are obtained using higher-order polynomials. Linear detrending causes s and l to be overesti-
mated, whereas piecewise detrending still leads to a large underestimation of both roughness parameters.
Errors on soil moisture retrieval
Figures 14 and 15 respectively demonstrate inverted soil moisture contents for linear and cosine
trended surfaces with (s,l) = (1cm,5cm). Based on these ﬁgures, 4-m linear detrending is found to
be superior in case the proﬁle is characterized by a linear trend, however, if applied on cosine trended
proﬁles, retrieval errors up to §25vol% may be expected. Moreover, in case of 4-m linear detrending,
retrieved soil moisture contents are largely diverging for the different sensor conﬁgurations considered.
Conversely, soil moisture errors involved with piecewise linear detrending and higher-order polynomial
detrending are relatively low, despite the large errors found in the roughness parameterization. These
low errors may probably be attributed to the fact that s and l are generally biased in the same direction,
whereas gradients in the s and l directions have opposite signs for most parameter combinations, as
illustrated in Figures 2 to 5.
Similar tests on proﬁles with (s,l) = (2cm,5cm) show analogous results. However, tests on proﬁles
with (s,l) = (1cm,40cm) reveal that, using a second-order polynomial, inverted soil moisture contents
may be underestimated up to approximately 15vol%, whereas third-order polynomial detrending results
in less severe underestimations of only 7.5vol% (data not shown) and therefore appears to be the most
appropriate simple technique for the removal of undulating trends.
Based on this experiment, it cannot be decided whether or not undulations along proﬁles should be
removed prior to roughness parameterization. However, it can be concluded that soil moisture retrieval
results may be very different in case undulations are removed through non-linear detrending than in case
they are maintained, i.e. with linear detrending. Moreover, third-order polynomial detrending shows to
be more appropriate for the removal of such undulations than second-order detrending and piecewise
1-m linear detrending. Nevertheless, as even this technique may still lead to substantial errors, future
research deﬁnitely needs to explore more advanced trend removal techniques, such as techniques based
on spectral analysis.
5. Conclusions
Correct surface roughness parameters are of extreme importance in order to accurately retrieve soil
moisture from SAR. A sensitivity study of the soil moisture retrieval to RMS height and correlation
length reveals that small errors on RMS height generally more affect the soil moisture retrieval than
ten times larger errors on correlation length. Therefore, RMS height parameterization requires a higher
accuracy than the parameterization of the correlation length. Besides, sensitivity surfaces of respectively
s and l generally show opposite trends, causing soil moisture retrieval errors to be partially cancelled
out if both roughness parameters are biased in the same direction. Finally, sensing with an L-band HH
conﬁguration increases the sensitivity to roughness compared to a C-band VV conﬁguration.Sensors 2009, 9 1089
Figure 14. Mean inverted soil moisture contents for different radar conﬁgurations, using
roughness parameters obtained after (a) linear detrending over the 4-m proﬁle, (b) piecewise
1-m detrending, (c) second-order polynomial detrending and (d) third-order polynomial de-
trending of 10 synthetical roughness proﬁles of (s,l) = (1cm,5cm) with added linear trend.
(a) (b)
(c) (d)
The proﬁle length used during in situ roughness measurements has an important inﬂuence on the RMS
height and correlation length parameterization. Shorter proﬁles result in lower RMS heights and correla-
tion lengths and lead to over- or underestimation of the moisture content, depending on the roughness of
the surface and the sensor conﬁguration. On the other hand, longer proﬁles give rise to higher roughness
parameters with reduced variability, and consequently, result in more stable retrieval results. However,
the exact spatial scale at which roughness needs to be measured in order to describe the scattering on
rough surfaces is not yet known.
The number of proﬁles over which RMS height and correlation length are averaged only has a mod-
erate impact on the ﬁnal roughness parameters and soil moisture retrieval results. Generally, a higher
number of proﬁles is required for shorter proﬁles, surfaces with higher correlation lengths, higher soil
moisture contents, and L-band HH conﬁguration.
The horizontal spacing between height points measured along a proﬁle is of low inﬂuence on the soil
moisture retrieval, yet may cause confusion in the determination of the appropriate ACF. A misinterpre-
tation of the slope of the ACF can lead to errors covering the complete range of moisture content.Sensors 2009, 9 1090
Figure 15. Mean inverted soil moisture contents for different radar conﬁgurations, using
roughness parameters obtained after (a) linear detrending over the 4-m proﬁle, (b) piecewise
1-m detrending, (c) second-order polynomial detrending and (d) third-order polynomial de-
trending of 10 synthetical roughness proﬁles of (s,l) = (1cm,5cm) with added cosine trend.
(a) (b)
(c) (d)
Instrument inaccuracies up to §2mm, typically found for most current instruments, have a negligible
impact on the soil moisture retrieval result. However, inaccuracies of §5mm may lead to errors ranging
from §0.5vol% up to §8vol%. Such inaccuracies are possible for roughness parameterized using a
meshboard and manual digitization.
Probably the most prevailing aspect in the parameterization of roughness is the removal of surface
trends. In case the surface is characterized by an undulating trend, a linear removal may lead to retrieval
errors up to 25vol%, as was found on 4-m proﬁles of (s,l) = (1cm,5cm) with added cosine function.
More precise retrieval results are obtained through the removal of a third-order polynomial, with errors
less than 7.5vol% irrespective of the type of trend and sensor conﬁguration used. Nevertheless, further
research needs to explore more complex detrending techniques and evaluate the retrieval errors involved.
As shown in this paper, the parameterization of surface roughness is not obvious. In the demonstrated
experiments, various aspects were treated individually. However, in practice, different parameterization
problems show up simultaneously, through which roughness errors may add up or cancel out. Therefore,
future research deﬁnitely needs to clarify the errors involved in the entire parameterization and soilSensors 2009, 9 1091
moisture retrieval process. Moreover, optimal standard parameterization procedures should be developed
in function of the sensor conﬁguration and target properties under study. Finally, being a theoretical
study, the obtained results should be corraborated with experimental SAR observations.
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